INTRODUCTION
Inversions of transient electromagnetic data based on 1D forward modelling are usually spatially constrained in order to regularize the inversion (Auken et al., 2005; Viezzoli and Cull, 2005) . In general, they are referred to as LCI and SCI, and they have proven to be very effective, especially in sedimentary areas characterized by quasi-layered structures, where 2D/3D effects in the data are not pronounced; hence, where the lateral/spatial regularization is compatible with the geology. Traditionally, regularization (incorporating our a priori knowledge or assumptions) consists of: (i) a vertical smoothing constraints term (Constable et al., 1987) or (ii) a few-layer parameterization . While the former "smooth" approach provides sections where formation boundaries may appear blurred, the latter few-layer inversion may generate artefacts in unexpected complex geological environments. In addition, deciding for uniform few-layer parameterization could be quite tricky for entire large airbornesurvey areas. Here, we present the results of a novel algorithm ) based on an extension of the LCI/SCI (e.g., Christiansen 2004, Viezzoli et al. 2008) . In this new algorithm, the regularization is not defined anymore as the L 2 norm of the gradient of the solution, but as its gradient support (Portniaguine and Zhdanov 1999; Zhdanov, et al., 2006; Vignoli et al., 2012) . As gradient support we mean the number of model parameters where the spatial variation is not vanishing. We named this new approach sharp SCI (sSCI). So, instead of searching for the model compatible with the observed data and with the minimum spatial variation of the solution (like the standard SCI), the new sSCI regularization looks for the minimum number of spatial (vertical and/or lateral) variations.
METHODOLOGY
In the framework of Tikhonov regularization theory, a priori information is included in the inversion process and formalized via regularizing terms in the objective functional to be minimized. In the traditional SCI scheme, the regularizing functional is:
that is nothing else than the squared L 2 norm of the variation of the model parameters In this regularization scheme, the larger the (weighted) variations of the model parameters, the higher the stabilizer value (the penalization), with no differentiations between large and small contributions from each addendum in Eq. 1. This prevents the possibility of reconstructing blocky features. In the sSCI, the regularization term in Eq. 1 is substituted by the focusing regularization:
It is easy to show that the term in Eq. 2 actually counts the number of variations larger than the k  values . Thus, by minimizing the objective functional with the focusing stabilizer (Eq. 2), in practice, we are selecting, among
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all possible solutions fitting the data, the one that, at the same time, has the minimum number of model variations larger than the thresholds defined by k  . In this way, the focusing regularization can reconstruct abrupt resistivity changes.
Synthetic example
As a synthetic example, we consider the model in Figure 1a , which represents a typical buried valley (Jørgensen et al. 2003) . Buried valleys are complex structures formed during the glaciations by subglacial meltwater and, subsequently, filled with glacial deposits, as glaciolacustrine clay, clay till, meltwater sand and gravel. Details about the way the corresponding synthetic data set was generated by using a 3D code can be found in Auken et al. (2008) . The model is threedimensional since the top layer presents randomly scattered resistivity values across the 3D volume surface, whereas the deeper layers consist in 2D valley structures cutting across the volume. The synthetic data are ground-based TEM data collected assuming a 3 A current in a 40 m x 40 m transmitter loop. They have been perturbed by adding noise consisting of: (i) Gaussian 2% contribution, and (ii) "background" contribution characterized by a trend with a value of 3 nV/m 2 at 1 ms . The synthetic noisy data have been processed as standard field data, resulting in an uneven number of gates per sounding and varying assigned error-bars. A uniform 50-Ohmm half-space with a logarithmically increasing layer thickness distribution is considered as a starting model. The standard 16-layer SCI result (Figure 1b) is actually quite good in resolving the main features of the true model. In fact, the top layer is properly reconstructed on both sides; the resistivity value of the valley is slightly overestimated, whereas the flanks appear more horizontal than they actually are. However, while fitting the data equally well, the sSCI ( Figure  1c ) dramatically improves the solution: not only, all the original abrupt resistivity changes are precisely located, but also the true resistivity values are correctly found down to the depth of investigation . 
Experimental Example
In the experimental case, we use data from a SkyTEM survey around Kasted in Denmark. In this area, the geology mainly consists of a glacial overburden (sands, gravels and tills) resting on a heavy clay substratum. The main aquifers are constituted by coarse sediments, while the heavy Paleogene clay forms the impermeable bottom.
In Figure 2 , we show a blind comparison of the sSCI result against the stratigraphy deducted from the SCI solution and the boreholes available along the profile. The sSCI improvements are evident from the better reconstruction of the Paleogene clay top: the sharp result matches pretty well with the boreholes data and their prior independent geological interpretation (the dark blue line) compared to the SCI result smearing the interface. The outcome is a more precise reconstruction of the resistive aquifer, a basic achievement for hydrogeologists. Another interesting result from the area (Figure 3) concerns the phreatic level of the aquifer. Figure 3a shows a detail of a cross-section close to a nuclear magnetic resonance (NMR) sounding. The agreement between the phreatic level detected by NMR (as increase of Mobile Water Content at 14 m depth) and the abrupt decrease of resistivity from 500-1000 to 100 Ohmm (as detected by AEM at about 15-16 m depth) is remarkable. The sharp result provides a more continuous imaging of the unsaturated layer with respect to the smooth inversion.
CONCLUSIONS AND PERSPECTIVES
We tested a new inversion scheme on synthetic and real data sets. The new sSCI implements the more traditional SCI, but with a different (focusing) regularization. In this way, the sSCI allows the reconstruction of abrupt changes in the investigated physical property (in this specific case, the resistivity). The synthetic example confirmed that the sSCI is capable of retrieving resistivity distributions with sharper variations, and with no necessity of manual troublesome adjustments of inversion parameters. The real dataset has been compared against independent data such as lithological boreholes and NMR measurements; also in this case, we could conclude that, in the presence of sharp resistivity boundaries, a consistent inversion scheme, such as sSCI, can significantly improve the final result. Moreover, it is worth noting that the sSCI provides results characterized by subdomains with (quasi-) homogeneous resistivity values and this peculiarity might be very useful for automatic interpretations of the geophysical section. Of course, like the smooth SCI, the applicability of sSCI is not limited to the TEM data inversion. In fact, the presented sSCI scheme can be useful anytime: (i) a 1D forward modeling is used, and (ii) a high vertical and/or lateral resolution is required in the reconstruction of sharp boundary targets. Just to mention a few examples, with no modifications, the presented sSCI algorithm can be effectivly used to invert: (i) seismic surface wave data -especially together with dispersion curve extraction techniques preserving the information about sharp lateral variations Cassiani, 2010 and Vignoli et al., 2011) -and (ii) adjacent surface NMR soundings (Behroozmand et al., 2012; Vignoli et al. 2013; Auken et al. 2014; Behroozmand et al., 2014) .
